A Monte Carlo method called sequential imputation is proposed for mucus likelihood computations. This method is most useful in mapping situations where the data consist of large pedigrees with substantial missing information and it is desirable to perform linkage analys utilizing data from many polymorphi markers smult y. A pedigree example with 155 individuals, 9 loci, and 155,520 haphiotyps is used for illusration.
In mapping disease loci or genetic markers, often many linked loci have to be handled simultaneously. Efficient algorithms for calculating likelihoods are available for large pedigrees with a small number of loci (1) (2) (3) (4) (5) and for small pedigrees with a large number of loci (6) . However, for large pedigrees with a large number of loci, especially those that have substantial missing data, exact evaluation of a single likelihood value can be prohibitive because of memory requirements and computing time. This difficulty was noted explicitly by investigators studying disorders having late age at onset (7, 8) . A Monte Carlo method called sequential imputation (9, 10) is proposed here to handle problems ofthis type. Loci are processed one, or a few, at a time to reduce the computational burden. Instead of evaluating likelihood values individually, the whole likelihood surface can sometimes be obtained by using results from a single simulation run. Also, unlike some other methods (6) , sequential imputation can incorporate genetic interference with no extra difficulties.
Sequentiall Imputation
In multilocus linkage problems, if, for each person and each locus, it is known exactly what allele is inherited from the father and what allele is inherited from the mother, the likelihood function is often trivial to evaluate. We refer to this information, which is desirable but often not available in its entirety, as missing data and denote it by z. The observed data, denoted by y, usually include genotypes of each individual marker for some members of the pedigree. An individual may be typed for some, but not all, of the marker loci. In disease mapping, y will also include available disease phenotypes of the members. The combination (y, z) is referred to as the complete data.
Let 0 be the unknown parameter vector so that the likelihood function is L(@) = pe(y). In disease mapping, 0 is often a scalar that denotes the location of the disease gene relative to a set of markers whose locations are assumed to be known. In more complex situations, 0 may also incorporate other parameters such as marker allele frequencies and parameters relating the disease genotype and phenotype. In linkage mapping of markers, 0 is a vector that denotes the relative locations among a collection of markers.
Let {Yi,. . *, Yn} and {Zi, ... I, Z.} be some decomposition of y and z. At this time, assume that there are n loci so that for t = 1, . . . , n, yt and zt are, respectively, the observed and missing data on locus t. Other decompositions will be considered later. Note that the labels t (t = 1, ... , n) do not necessarily correspond to the physical ordering, assumed or real, of the loci. Given a certain value of 0, sequential imputation is a method that allows us to obtain an unbiased estimate of L(@) and generate weighted samples of z = {zi, Zn} from the conditional distribution pe(zly is a measure ofdistance betweenpe(zly) andp%(z*ty). To keep this distance small, it is desirable to have p)( Iy) as close to pe(-jy) as possible by choosing an appropriate decomposition of y and z. In general, choosing an optimal decomposition requires making compromises between the ease of performing steps i and ii, and keeping CQw(j)] small. In the previous section (Sequential Imputation), for simplicity, we considered a special decomposition of the observed data y and the missing data z; i.e., y, and zt denote, respectively, the observed and missing data ofa single locus t. We now present a few modifications ofthe basic procedure that can reduce the variation of w(j) considerably without necessarily increasing difficulties in computation.
Note that pe(zly) can be written as pe(zijy)Ht=2pe(zAIy, Z1, ... , Zt-1). So drawing z ¶ from pe(zlly) is obviously preferable to drawing z ¶ from pe(zllYi) if the former is feasible.
While this is not the case, it suggests that when drawing z ¶, we should try to condition on more information if possible. For each locus and each parent-offspring pair, define an identity by descent (IBD) variable as the indicator ofwhether the allele inherited by the offspring came from the grandfather or the grandmother. Often some ofthe IBD variables can be deduced from the observed data y. Here we redefine Yi to include the observed data on the first locus processed plus the IBD variables of other loci, which can be deduced from the observed data. Conditioning on these IBD variables has virtually no effect on the amount of computations needed to perform steps i and ii.
Apart from the deducible IBD variables, it had so far been assumed that Yj consists of observed data on a single locus. This is not necessary and, indeed, it is usually preferable to incorporate more than one locus into yl. Note that the first step of sequential imputation involves computing Pe(Yl) and drawing zj(j), j = 1, ... , m from pe(zll yl Whether the disease locus is processed first or last, it is usually enough to apply sequential imputation to a single location, probably in the middle, within each interval Proc. Nadl. Acad. Sci. USA 91 (1994) spanned by two physically adjacent markers. Eq. 1 can then be applied to approximate the likelihoods for other locations in the interval.
An EAp
The RW pedigree (Fig. 1) segregating for maturity onset diabetes of the young (MODY) is used to illustrate different properties of sequential imputation. The form of MODY segregating in this pedigree has been linked to markers on 20q (15) . Note that the diagnostic information summarized in Fig.  1 is derived from both the clinical diagnosis of MODY and from biochemical studies. Thus, some individuals who do not have clinical disease are considered affected in these analyses. It is understood that results of the analyses are dependent on the diagnostic assumptions made. The analyses here are not presented to justify any particular diagnostic criteria or localization of the MODY locus within this region but strictly as an illustration of the use of sequential imputation. An unaffected branch of the pedigree is included because of the additional marker information it provides for untyped members of the upper generations.
Of interest is the location of the MODY gene relative to eight markers, ADA] (5 alleles), ADA2 (2 alleles), L127 (6 alleles), S22 (3 alleles), S4 (2 alleles), RM292 (12 alleles), GPR (6 alleles), and GSA (3 alleles), all on the long arm of chromosome 20. Over half the people in the pedigree are not typed for at least one ofthe eight markers, and most members of the top two generations have all the marker data missing. The recombination probabilities between the eight markers are assumed to be 0 betweenADA] and ADA2, 0.034 between ADA and L127, 0.050 between L127 and S22, 0.121 between S22 and S4, 0.011 between S4 and RM292, 0.111 between RM292 and GPR, and 0.132 between GPR and GSA. The locations of ADA, L127, S22, S4, GPR, and GSA are based on information from Centre D'ttude du Polymorphisme Humain (CEPH) families (16) . The position of RM292 was estimated from the RW pedigree data alone given the positions ofthe other markers. Three analyses are run on the data set to examine the properties of sequential imputation. For all the analyses presented, the assumption of no interference is made, but this is not a limitation of the method. Genetic Initially, except for one interval, the processing order starts with the marker with the most alleles and finishes with MODY. The one exception is the ADA-L127 interval, with the processing order set to ADA), L127, ADA2, and finally MODY. ADA) was processed before L127 because significantly more people were typed for ADA) than for L127. Two intervals, S22-S4 and GPR-GSA, had large coefficients of variation in the initial runs, and additional runs were performed. For S22-S4, the likelihoods were calculated from simulations processing MODY first. With GPR-GSA, the likelihoods were calculated from a run switching the processing order of GPR and GSA. Fig. 2 shows the estimated location scores for the whole region together with some exact location scores calculated using the LINKMAP program of the LINKAGE package (5). Sequential imputation is apparently performing well here.
The second analysis utilizes data from all eight markers simultaneously. Location scores for the MODY gene are calculated assuming the CEPH locations for the markers. This is hence a nine-point analysis with 155,520 haplotypes. The markers are processed in the order of RM292, ADA), L127, GPR, S22, GSA, ADA2, S4. Then the disease gene is processed at seven different locations: unlinked to the markers and at the midpoints of the six intervals defined by the markers. A total of m = 10,000 imputations are performed.
The results are presented in Fig. 3A . Although it can only be clearly seen in the interval S4-RM292, there are three curves in each marker interval. The curve in the middle corresponds to the Monte Carlo estimates of the location scores. The top curve and the bottom curve correspond, respectively, to the estimate plus and minus two standard errors. Hence, for each location, the top and bottom values give an approximate 95% confidence interval for the actual location score. The fact that makes it clear that this capability will greatly increase the efficiency of the method when marker data are missing for three or more generations at the top ofthe pedigree. In another direction, a locus can be split into two artificially. For example, a locus with 12 alleles can be considered as two loci right on top of each other with 4 and 3 alleles each. The split can be chosen so that one of these half-loci carries more information than the other half and is processed first. Moreover, two halves oftwo different loci can be combined during processing to reduce the variation of the weights. Indeed, since only a single peel is performed to processy1 for all m imputations, one strategy is to have Yi include all loci by reducing each locus to 2 or 3 alleles. Sequential imputation can then be used to incorporate the residual information from each locus. Finally, although the current computer program only handles pedigrees without loops, sequential imputation can in theory be used for pedigrees with a small number of loops. 
